Abstract: Accurate mapping of temporal changes in urban land use and land cover (LULC) is important for monitoring urban expansion and changes in LULC, urban planning, environmental management, and environmental modeling. In this study, we present a feature-based approach of the decision tree classification (FBA-DTC) method for mapping LULC based on spectral and topographic information. Landsat 5 TM and Land 8 OLI images were employed, and the technique was applied to the coastal city of Xiamen, China. The method integrates multi-spectral features such as SAVI (soil adjustment vegetation index), NDWI (normalized water index), MNDBaI (modified normalized difference barren index), BI (brightness index), and WI (wetness index), with topographic features including DEM and slope. In addition, the new approach distinguishes between fallow land and cropland, and separates high-rise buildings from beaches and water bodies. Several of the FBA-DTC parameters (or rules) from 1997 to 2015 remained constant (i.e., DEM and slope), whereas others changed slightly. WI was negatively related to percent area of beach land, and BI was negatively related to percent area of arable land. The FBA-DTC method had an average user's accuracy (UA) of 91.36% for built-up land, an average overall accuracy (OA) of 92.13%, and a Kappa coefficient (KC) of 0.90 for the period from 2003 to 2015, representing respective increases of 15.87%, 10.17%, and 0.13, compared with values calculated using maximum likelihood classification (MLC). Over the past 12 years, built-up land increased from 23.67% to 43.17% owing to occupation of coastal reclamation, arable land, and forest land. The FBA-DTC method presented here is a valuable technique for evaluating urban growth and changes in LULC classification for coastal cities.
Introduction
Urbanization represents the territorial and socioeconomic progress of an area and is associated with the transformation of land use and land cover (LULC) types from undeveloped to developed [1] . Over recent decades, global urbanization has progressed rapidly [2] . In particular, coastal urban areas have experienced fast population explosion and dynamic economic growth. Knowledge of urban farmland shortage, eutrophication of offshore waters, flood hazards and exacerbation of the urban heat island effect [31] [32] [33] .
Like other big cities in China, Xiamen attracts vast amount of migrants and further a number of urban villages (i.e., villages in the city) are formed because many rural villages are spatially surrounded by newly developed urban land [34] . Most of urban villages consist of overcrowded multi-story buildings from three to seven floors with narrow alleys, dark and damp conditions. The urban villages can accommodate the increasing housing demand of the migrants with low affordability. Thus, local farmers extended existing houses or built new attics with white tin on the top of the houses and then rent them to migrant workers because they could earn highly profits. Nevertheless, the attics may cause potential security risks because most of them do not meet normal construction standards. The local government is developing some plans for urban village redevelopment.
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Data Collection and Processing
Remotely sensed data (Table 1 ) from Landsat 5 TM and Landsat 8 OLI images were acquired from the U.S. Geological Survey website (http://earthexplorer.usgs.gov/), and geospatial data were taken from a Computer Network Information Center, Chinese Academy of Sciences website (http://www.gscloud.cn/). The Landsat 8 satellite consists of two science instruments-Landsat 8 OLI and the Thermal Infrared Sensor (TIRS). All images used in the study were cloud-free and had excellent quality. The Landsat 8 OLI data consists of eight spectral bands, with a 30 m spatial resolution for bands 1-7 and band 9, and one panchromatic band with a 15-m resolution. Detailed descriptions of the data sets are shown in Table 1 . In addition, SRTM (Shuttle Radar Topography Mission) global digital elevation model (DEM) at 30 m resolution, and an associated slope map derived from DEM were used. All images and the DEM had the same spatial resolution (30 m) and were projected according to Universal Transverse Mercator map projection (UTM, Zone 
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Image-Based Atmospheric Correction
A variety of methods have been designed to reduce or remove atmospheric effects and determine land surface reflectance [36] . Examples include dark object subtraction (DOS), cosine of the solar zenith angle correction (COST) [35] , and radiative transfer models (e.g., 6S and MODTRAN). The DOS model corrects for the effects of atmospheric scattering, but it ignores the effects of the atmospheric absorption. The radiative transfer models are very complex and require in situ atmospheric measurements that can be unavailable for many applications, particularly when using historical Landsat images. The COST model is based on the acquired digital image and accounts for multiplicative effects of atmospheric scattering and absorption, avoiding collecting in situ atmospheric information [35, 37] . Therefore, the COST model is used for most of the remotely sensed data application, especially for the historical image data when atmospheric data are not available. It can be expressed as: Figure 2 . Flow chart used in the research. Notes: FBA-DTC is feature-based approach of decision tree classification; SAVI is soil adjusted vegetation index; NDWI is normalized difference water index; NDBaI is normalized difference barren index; MNDBaI is modified normalized difference barren Index; BI is brightness index; WI is wetness index.
A variety of methods have been designed to reduce or remove atmospheric effects and determine land surface reflectance [36] . Examples include dark object subtraction (DOS), cosine of the solar zenith angle correction (COST) [35] , and radiative transfer models (e.g., 6S and MODTRAN). The DOS model corrects for the effects of atmospheric scattering, but it ignores the effects of the atmospheric absorption. The radiative transfer models are very complex and require in situ atmospheric measurements that can be unavailable for many applications, particularly when using historical Landsat images. The COST model is based on the acquired digital image and accounts for multiplicative effects of atmospheric scattering and absorption, avoiding collecting in situ atmospheric information [35, 37] . Therefore, the COST model is used for most of the remotely sensed data application, especially for the historical image data when atmospheric data are not available. It can be expressed as:
where ESUN is the Exo-atmospheric solar spectral irradiance; TAUv is atmospheric transmittance in the viewing direction (1.0 for Landsat images); TAUz is atmospheric transmittance in the illumination direction (cosθ for the COST method); ρ is surface reflectance; L sat is spectral radiance at the sensor's aperture (W/(m 2 ster·µm); L haze is path radiance; θ is the solar zenith angle in degrees; and D is the normalized Earth-Sun distance. L sat can be expressed as:
where DN is the remotely sensed digital number, and Gain and Bias are the radiometric gain and bias gain for a specific band, respectively, which are provided from the header files of images.
Decision Tree Classification Approach
DTC is a classification technique with a binary tree structure, which consists of a root node and a variety of internal nodes and terminal nodes (leaves). The internal nodes denote a set test or decision rules, and the leaf nodes represent detailed classes. Each internal node makes a binary decision that can distinguish a single class or several classes from the remaining classes.
Because of its flexibility, intuitive simplicity, and computational efficiency, DTC has been widely used in raster data classification and thematic information extraction, especially remote sensing data. In the DTC process, features of remote-sensing data (i.e., DEM or bands) represent predictor variables, and the LULC classes to be extracted are target variables. The target variables are derived from a series of thresholds based on the distribution of features in the feature space [19] . In this study, FBA-DTC was used to integrate multi-spectral features derived from a number of remote sensing indices such as SAVI (soil adjustment vegetation index), NDWI (normalized difference water index), MNDBaI (modified normalized difference barren index), BI (brightness index), and WI (wetness index) with topographic features including DEM and slope. The FBA-DTC approach to extracting LULC type based on multi-features was developed as shown in Figure 3 . According to our research objectives and a field survey, LULC in the study area consists of six classes: arable land (AL), forest land (FL), beach land (BEL), built-up land (BU), water bodies (WB), and bare land (BL). 
Vegetation Index
Huete [38] proposed SAVI to extract vegetation based on a modified normalized difference vegetation index (NDVI):
where ρNIR and ρRed are the spectral reflectance of the red and near-infrared bands, respectively, for the Landsat 5 TM and Landsat 8 OLI (TM/OLI); and l is a soil-adjusted factor with a value between 0 and 1. The default l value of 0.5 can work well in most situations [38] . Equation (3) 
where ρ NIR and ρ Red are the spectral reflectance of the red and near-infrared bands, respectively, for the Landsat 5 TM and Landsat 8 OLI (TM/OLI); and l is a soil-adjusted factor with a value between 0 and 1. The default l value of 0.5 can work well in most situations [38] . Equation (3) 
where ρ Green and ρ NIR are the spectral reflectance of the green and near infrared bands for TM/OLI images, respectively.
Bare Land Index
Zhao and Chen [40] proposed the Normalized Difference Bare Index (NDBaI) for bare land (i.e., land under development):
where d SWRI1 and d TIR are the raw digital numbers of the TM short-wave infrared (SWIR) 1 and thermal infrared bands, respectively. However, we found NDBaI could not distinguish white tin roofs in urban villages from bare land. With the dramatic urbanization, a vast area of buildings with bright roofs in Xiamen has sprung up in recent years. Most of them may be posed by new attics built with white tin on top of the original houses. Figure 4 showed the significant changes of white tin roofs from 2003 to 2014 in two urban villages, Gaolin and Wutong in Xiamen island. Therefore, we used a modified normalized difference bare index (MNDBaI) for bare land in cities in which a number of the white roofs exist. The equation can be expressed as follows:
where ρ Red and ρ Blue are the spectral reflectance of red and blue bands for TM/OLI images, respectively. 
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where ρRed and ρBlue are the spectral reflectance of red and blue bands for TM/OLI images, respectively. 
Brightness Index and Wetness Index
The tasseled-cap transformation was originally defined by Kauth and Thomas [41] (1976), who analyzed the spectra of wheat growth using Landsat MSS. The transformation is executed by taking linear combinations of the original or reflected image bands. In addition to Landsat Multispectral Scanner MSS, transformation coefficients have been derived for Landsat 5 TM, ETM+, IKONOS, Landsat 8 OLI, etc.
The brightness index (BI), the first tasseled-cap band, corresponds to the overall brightness of an image. Cropland typically has a higher brightness value than forest land ( Figure 5 ). 
The brightness index (BI), the first tasseled-cap band, corresponds to the overall brightness of an image. Cropland typically has a higher brightness value than forest land ( Figure 5 ). Beaches are one of the most important land-use types in coastal cities, but it is difficult to separate beaches from built-up land because of their similar spectral characteristics. The wetness index (WI), the third tasseled-cap band, is typically used as an index of "wetness" (e.g., soil or surface moisture). Compared with the spectral characteristics of built-up land, beaches have a high WI and low terrain. Thus, they can be distinguished from built-up land by combining image analysis with elevation information. Tasseled cap transformation reflectance coefficients for TM and OLI images were cited from Crist [42] and Baig et al. [43] (10) where, ρGreen, ρBlue, ρRed, ρNIR, ρSWIR1, and ρSWIR2 are spectral reflectance values in the TM/OLI blue, green, red, near infrared, short-wave infrared 1 (SWIR1), and short-wave infrared 2 (SWIR2) bands, respectively; BITM and WITM represent the brightness index and wetness index for Landsat 5 TM, respectively; and BIOLI and WIOLI represent the brightness index and wetness index for Landsat 8 OLI, respectively.
FBA-DTC Procedure
As shown in Figure 3 , DEM and slope first are used to partition all pixels into two groups. The spectral characteristics of forests shadowed by mountains are similar to those of water bodies ( Figure 5 ). However, certain forests typically grow above certain elevations or slopes, particularly in Xiamen. Therefore, topographic features can be used to distinguish mountain-shaded forests from other classes such as built-up land, water, and other vegetation types. NDWI is used to distinguish water from other classes because water has a higher NDWI value than that of other classes. SAVI can be employed to separate vegetated areas (forest and cropland) from non-vegetated areas (built-up land, bare land, and beaches). BI is helpful for distinguishing between forests and cropland because cropland corresponds to a higher BI value compared with forests.
The spectra of beach land and built-up land are similar ( Figure 5 ), but DEM and WI are helpful for distinguishing between the two. Built-up land typically exists at higher elevation compared with beaches. However, due to the rapid expansion of urban space and population growth, more and more beach areas, and even the surrounding sea, are being urbanized. Thus, WI is employed in combination with DEM to distinguish between beaches and build-up land with the similar elevation, as beaches have a higher WI value than that of built-up land. Beaches are one of the most important land-use types in coastal cities, but it is difficult to separate beaches from built-up land because of their similar spectral characteristics. The wetness index (WI), the third tasseled-cap band, is typically used as an index of "wetness" (e.g., soil or surface moisture). Compared with the spectral characteristics of built-up land, beaches have a high WI and low terrain. Thus, they can be distinguished from built-up land by combining image analysis with elevation information. Tasseled cap transformation reflectance coefficients for TM and OLI images were cited from Crist [42] and Baig et al. [43] , respectively:
where, ρ Green , ρ Blue , ρ Red , ρ NIR , ρ SWIR1 , and ρ SWIR2 are spectral reflectance values in the TM/OLI blue, green, red, near infrared, short-wave infrared 1 (SWIR1), and short-wave infrared 2 (SWIR2) bands, respectively; BI TM and WI TM represent the brightness index and wetness index for Landsat 5 TM, respectively; and BI OLI and WI OLI represent the brightness index and wetness index for Landsat 8 OLI, respectively.
The spectra of beach land and built-up land are similar ( Figure 5 ), but DEM and WI are helpful for distinguishing between the two. Built-up land typically exists at higher elevation compared with beaches. However, due to the rapid expansion of urban space and population growth, more and more beach areas, and even the surrounding sea, are being urbanized. Thus, WI is employed in combination with DEM to distinguish between beaches and build-up land with the similar elevation, as beaches have a higher WI value than that of built-up land.
NDBaI or MNDBaI can be used to distinguish bare land from beaches and built-up land. However, MNDBaI cannot be used to distinguish fallow land from bare land and NDBaI cannot be used to extract the buildings with white tin roofs. Thus, we used NDBaI for images from 2003 to MNDBaI for those from 2007 to 2015.
During certain seasons, both fallow land and cropland ( Figure 6 ) exist simultaneously, thereby confounding the extraction of these two land types. For example, Xiang'an district is one of the biggest carrot planting and export bases in China because the district has suitable climate and great sandy soil for the growth of carrots. Carrots in the district are usually planted during September and October and harvested during May and June each year. Figure 6 shows distinctly different spectral response characteristics of lands in carrot farming on 28 October (a) and 8 January (b), respectively. In Figure 6a , yellow means very young leaves of carrots planted in October and pink means middle-aged leaves of carrots planted in September. In Figure 6b , bright red means mature leaves of carrots that have grown for approximately 3 months. Furthermore, fallow land often is confused with built-up land. To solve this issue, it is critical to compare SAVI (via subtraction) for two images from different seasons (i.e., one image in which either fallow land or cropland exist and another in which both are present). NDBaI or MNDBaI can be used to distinguish bare land from beaches and built-up land. However, MNDBaI cannot be used to distinguish fallow land from bare land and NDBaI cannot be used to extract the buildings with white tin roofs. Thus, we used NDBaI for images from 2003 to MNDBaI for those from 2007 to 2015.
During certain seasons, both fallow land and cropland ( Figure 6 ) exist simultaneously, thereby confounding the extraction of these two land types. For example, Xiang'an district is one of the biggest carrot planting and export bases in China because the district has suitable climate and great sandy soil for the growth of carrots. Carrots in the district are usually planted during September and October and harvested during May and June each year. Figure 6 shows distinctly different spectral response characteristics of lands in carrot farming on 28 October (a) and 8 January (b), respectively. In Figure 6a , yellow means very young leaves of carrots planted in October and pink means middle-aged leaves of carrots planted in September. In Figure 6b , bright red means mature leaves of carrots that have grown for approximately 3 months. Furthermore, fallow land often is confused with built-up land. To solve this issue, it is critical to compare SAVI (via subtraction) for two images from different seasons (i.e., one image in which either fallow land or cropland exist and another in which both are present). With the explosive population growth in Xiamen, high-rise buildings with 18 floors or more have dramatically increased to accommodate the increased population. The spectral features of such buildings are very similar to those of beaches and water, and cannot be easily distinguished. However, high-rise buildings often are built over three years and may arise from previous low-rise buildings or bare land. If bare land or built-up land from an early image (e.g., in 2007) is identified as a beach or water body in subsequent imagery (e.g., in 2015), this indicates that the latter classification is likely incorrect. Therefore, we can detect the conversion of bare land to built-up land by comparing different images.
Calibration of FBA-DTC Parameters
After all images were corrected for atmospheric effects using the COST method, and a dataset for each image, including SAVI, NDWI, MNDBaI (or NDBaI), BI, and WI values, were produced (Equations (3)- (10)).
We collected a minimum of 15 training sites for each LULC class in each Landsat scene processed by the COST model from 2003 to 2015. The training sites were redefined or added using Google Earth (GE) images with the close acquisition dates as the original remotely sensed data. The size per training site in the images ranged from 12 to 630 pixels. We could calculate a minimum pixel value in each image (the dataset, DEM, Slope, etc.) in training sites of its corresponding LULC class according to Figure 3 , respectively. The minimum pixel values were the parameters in Figure  3 . For example, the parameter P2 in Figure 3 was the minimum pixel value of NDWI image in With the explosive population growth in Xiamen, high-rise buildings with 18 floors or more have dramatically increased to accommodate the increased population. The spectral features of such buildings are very similar to those of beaches and water, and cannot be easily distinguished. However, high-rise buildings often are built over three years and may arise from previous low-rise buildings or bare land. If bare land or built-up land from an early image (e.g., in 2007) is identified as a beach or water body in subsequent imagery (e.g., in 2015), this indicates that the latter classification is likely incorrect. Therefore, we can detect the conversion of bare land to built-up land by comparing different images.
We collected a minimum of 15 training sites for each LULC class in each Landsat scene processed by the COST model from 2003 to 2015. The training sites were redefined or added using Google Earth (GE) images with the close acquisition dates as the original remotely sensed data. The size per training site in the images ranged from 12 to 630 pixels. We could calculate a minimum pixel value in each image (the dataset, DEM, Slope, etc.) in training sites of its corresponding LULC class according to Figure 3 , respectively. The minimum pixel values were the parameters in Figure 3 . For example, the parameter P 2 in Figure 3 was the minimum pixel value of NDWI image in training sites for water body. Thus, we achieved an initial set of parameters of FBA-DTC. The parameters were further re-examined and modified based on LULC class accuracies wherever necessary till a satisfactory product was attained.
Accuracy Assessment
Although ground data are required for accuracy assessments, such data are sometimes difficult and expensive to obtain, particularly historical data. Therefore, it is acceptable for high spatial resolution images and large-scale maps to be used as reference data [16] . In this study, independent ground samples were collected from GE images and used as reference data. GE provides free access to high-resolution satellite imagery. In addition to being used as "pictures" for visualization, GE has been recognized as a significant resource for ground-truth data [44] , improving visual interpretation, and even classifying complex LULC types [45] . In order to obtain better reference data, the time stamps of the GE images we chose were as close as possible to those of the original images It has been suggested that a minimum 50 samples (or pixels) of each class should be included in error analyses [16] . Here we used at least 60 samples for each class. For each scene, 800 samples were randomly selected using a stratified random sampling scheme and exported to GE for accuracy assessment. The classification results were evaluated based on a confusion matrix. Four validation metrics, kappa coefficient (KC), overall accuracy (OA), producer's accuracy (PA), and user's accuracy (UA), were determined from the matrix. UA is the inverse of the error of commission, i.e., UA = 1 − commission error, and PA is the inverse of the error of omission, i.e., PA = 1 − omission error.
To evaluate the performance of the proposed FBA-DTC, a supervised maximum likelihood classification (MLC) method was conducted for the three Landsat images, resulting in three LULC maps.
Results and Discussion

FBA-DTC Results
Extraction of LULC was carried out using DTC based on this dataset, DEM, and slope. Table 2 shows the parameters values derived from the dataset, DEM, and slope from 2003 to 2015. Some FBA-DTC parameters were constant, such as elevation and slope, and others only varied slightly. Built-up land was located in areas below 112 m elevation with a slope of <10 degrees. Figure 7 shows the relationship between WI and percent area of beaches. WI decreased with increasing beach area. Though beaches and even water bodies in Xiamen have been urbanized, sea level has a huge impact on beach area. Larger beach area corresponds to higher sea levels (e.g., in 2015). During the study period in Xiamen, beach area first increased, and then decreased; thus, WI values showed the opposite trend. Figure 8 shows the relationship between BI and percent area of arable land. BI decreased with increasing area of arable land, and the trend was stronger than that for WI. Urban sprawl has occupied a large area of arable land, leading to reducing arable land yearly. Therefore, BI increased from 2003 to 2015. See Figure 4 for key to abbreviations. Tables 3-6 Accuracy was further investigated by examining commission and omission errors, UA and PA, respectively. The proposed method achieved higher PA and UA for most of the LULC classes compared with MLC. The FBA-DTC method achieved UA and PA values of >80% (Tables 3-5) , and produced very high (>90%) PA (or very low omission error) for built-up land, water bodies, and forest land classification. The UA was lower (average 80% from 2003 to 2015) for arable land than for other LULC types. In other words, somewhat higher error of commission occurred for arable land because some forest land and build-up land were mislabeled as arable land. This is probably because arable land and barren forest land exhibited similar spectral values. Nevertheless, fallow land and cropland were still distinguishable from built-up land (Figure 6c ). Some build-up areas caused more confusion probably due to mixed pixels consisting of roof tiles, concrete, and vegetation, which could give rise to confused spectra. 
Analysis of Classification Accuracy and Other Similar Studies
Tables 3-6 summarize the accuracy assessment for LULC classification based on FBA-DTC and MLC. Figure 9 shows spatio-temporal changes in LULC distributions derived from DTC and MLC classification results. Based on the overall accuracies of the error matrices, the OA values for the FBA-DTC results were 90.63%, 92.38%, and 93. Accuracy was further investigated by examining commission and omission errors, UA and PA, respectively. The proposed method achieved higher PA and UA for most of the LULC classes compared with MLC. The FBA-DTC method achieved UA and PA values of >80% (Tables 3-5) , and produced very high (>90%) PA (or very low omission error) for built-up land, water bodies, and forest land classification. The UA was lower (average 80% from 2003 to 2015) for arable land than for other LULC types. In other words, somewhat higher error of commission occurred for arable land because some forest land and build-up land were mislabeled as arable land. This is probably because arable land and barren forest land exhibited similar spectral values. Nevertheless, fallow land and cropland were still distinguishable from built-up land (Figure 6c ). Some build-up areas caused more confusion probably due to mixed pixels consisting of roof tiles, concrete, and vegetation, which could give rise to confused spectra. Accuracy was further investigated by examining commission and omission errors, UA and PA, respectively. The proposed method achieved higher PA and UA for most of the LULC classes compared with MLC. The FBA-DTC method achieved UA and PA values of >80% (Tables 3-5) , and produced very high (>90%) PA (or very low omission error) for built-up land, water bodies, and forest land classification. The UA was lower (average 80% from 2003 to 2015) for arable land than for other LULC types. In other words, somewhat higher error of commission occurred for arable land because some forest land and build-up land were mislabeled as arable land. This is probably because arable land and barren forest land exhibited similar spectral values. Nevertheless, fallow land and cropland were still distinguishable from built-up land (Figure 6c ). Some build-up areas caused more confusion probably due to mixed pixels consisting of roof tiles, concrete, and vegetation, which could give rise to confused spectra. See Table 3 for key to abbreviations. Compared with FBA-DTC, MLC produced similar PA but much lower UA for built-up area classification, especially for the 2015 image (UA = 64.27%), for which large amount of forest land and water bodies were mislabeled as built-up land (Figure 9b ). In contrast, the average UA for built-up land classified with the DLT method was 91.36% in 2003 and 2015, an increase of 15.87% compared with MLC. Compared to FBA-DTC, the UA for arable land derived from MLC decreased by 27.63% in 2003. Figure 7b shows that large areas of built-up land and forest land were mislabeled as arable land. MLC also displayed much lower UA for forest land classification in 2015 and 2003 compared with FBA-DTC. In addition, a large amount of forest land was not recognized (Figure 7b,f) with MLC.
Our results were compared with those of previous studies that have employed DTC methods (Table 6 ). Wang et al. [19] prepared a LULC map of muddy tidal flat wetlands based on DTC and achieved an OA value of 95.84%, a 4.44% increase compared with MLC. Qi et al. [26] obtained a LULC map of the Panyu district in Guanzhou city, China using DTC combined with object-oriented classification (DTC-OOC) and RADRSAR-2 Polarimetric ASR (PolSAR) data. They estimated an OA of 86.64% and KC of 0.84, which corresponded to increases of 16.98% and 0.19 in comparison to respective values obtained with MLC. Pal and Mather [18] reported an OA of 88.46% and KC of 0.87 using boosted DTC. Kandrika and Roy [25] achieved an OA of 87.50% and KC of 0.87 with See-5 DTC and IRS-P6 AWiFS data. Punia et al. [20] derived an OA of 91.81% using the same method as Kandrika and Roy [25] . Thus, the accuracy results for this study are comparable with those of other studies.
Spatiotemporal LULC Changes
Figures 9 and 10 show changes in LULC distributions and area percentage in the study region from 2003 to 2015. In order to remove the influence of sea level on beach area, water bodies and beaches were merged. Among all LULC types, built-up land increased the most, from 23.67% to 43.17%, representing a 0.56-fold increase over the past 12 years. Urban land expansion was mainly achieved by occupation of coastal reclamation, arable land, and forest land. Water bodies and beaches decreased the most, from 41.98% to 34.59%. One reason for the decrease in water bodies and beaches may be related to a policy that was initiated to promote the conversion of Xiamen from an island city to a bay-like city [30] . Arable land showed the second largest decrease over the study period, from 9.13% to 4.00%. Forest land remained basically stable from 2003 to 2015. For one thing, probably because it was mostly located in hilly areas that were not suitable for urban land use. For other, forest land use was limited by a policy concerning China's national forest city in which the green coverage rate was one of important evaluating indexes.
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Summary and Conclusions
Monitoring the complex dynamics of cities requires consistent urban LULC maps spanning multiple time periods [3] . A variety of new techniques, in particular DTC, can help improve LULC classification and promote understanding of urban system dynamics. In this study, a FBA-DTC approach was proposed to extract urban LULC using Landsat 5 TM and Landsat 8 OLI data for a coastal city in southern China. The method's suitability was assessed and the results were compared with those of an MLC-based approach and related studies.
Urban LULC is diverse and complex, consisting of both continuous and discrete elements, which may pose problems such as mixed pixels and spectral variability in satellite image data [15] . The FBA-DTC method is based on spectral and topographic features of image data and specialized knowledge. Images used for classification were processed with COST atmospheric correction to avoid dramatically fluctuating spectral values. The advantages of multispectral features (SAVI, NDWI, MNDBaI, BI, and WI) were combined with topographic features (DEM and Slope) and specialized knowledge to help avoid the spectral confusion to a large degree. The FBA-DTC method follows a set of clear classification rules that were constant or changed only slightly. Therefore, LULC can be rapidly and correctly classified over different time periods based on decision rules.
We obtained reference data from GE images rather than ground data because collecting ground data can be expensive and sometimes unavailable. GE images are expected to provide ground truth data and improve data visualization, and can even automatically map LULC.
The LULC classification accuracy of the FBA-DTC approach was higher than that of the MLC approach. FBA-DTC achieved an average OA of 92.13% and KC of 0.90, which were 10.17% and 0.13% higher than the MLC results, respectively. The FBA-DTC method greatly improved the classification accuracy of built-up land. The average UA for built-up land was 91.36%, which was 15.87% higher compared with the MLC results. The improved accuracy was likely due to FBA-DTC's ability to separate bare land with light buildings from beach land and built-up land using MNDBaI and to distinguish beach land from built-up land using WI combined with elevation. Compared with other studies, the accuracy of the method presented here was satisfactory.
Our research also explored temporal changes in LULC in the study area. Built-up land showed a 0.56-fold increase over the past 12 years. The rapid extension of built-up land was mainly due to occupation of coastal reclamation, arable land, and forest land.
We developed a valuable method for quickly and objectively classifying urban LULC using parameters extracted from Landsat 5 TM and Landsat 8 OLI images with FBA-DTC. In the future, parameters should be further validated with more Landsat TM imagery and related data. It is essential to integrate other classification methods with image processing technology to improve classification accuracy. This study provides a reference for the LULC classification of coastal cities.
